Abstract-this paper presents a new Line Enhance
INTRODUCTION
Understanding the mechanism of the combustion process, improving the efficiency of premixed flames and reducing the production of pollutants is of importance research for the design of combustion devices. We can obtain the main information from flame images, so detecting the exact boundary of flame front becomes an essential step to enhance the understanding of turbulence and chemistry interaction phenomena such as local flame extinction, flame stabilization and liftoff. One of the most widely used and advanced imaging techniques is Planar Laser Induced Fluorescence (PLIF) imaging which allows images of thin cross-sectional slices through the flame to be obtained. PLIF images can provide very accurate data on the flame front topology, which can be used to analyze the structure and characteristics of flame. In the present study, CH4-air premixed V-flames were detected by applying OH-PLIF technology under both normal gravity and microgravity in the Bremen drop tower.
Flame front detection not only supplies the theory and method for feature extraction, recovery and reconstruction of flame image, but also affords more reliable information about flame characteristics: the ratio of fuel and air, for example, has a direct effect on the burning rate of the mixture. A number of image processing techniques have been used to detect flame front boundary from PLIF images. The widely used tools for segmenting flame fronts are edge detection operator and active contour model. The method in Ref. [1] uses adaptive threshold set by intensity histograms of the images to segment the flame front. The adaptive threshold value can be also set by image gradients [2] rather than intensities. Nonetheless the edge detection operators are not always effective for low contrast and noisy PLIF images. They still suffer from the problems of determining the correct global or local thresholds in automatic processing the intensity inhomogeneous images, and they often result in discontinuous boundary detection and noise falsely detected as flame front boundary. The region-based Chan-Vese model (CV model) was used for the identification of flame front boundary in [3] [4] [5] . It gives an initial curve and defines energy functional according to image data, and the curve evolution equation is achieved by minimizing the energy functional. The CV model has good performance of strong anti-noise and weak dependence on the initial curve. However, popular region-based active contour models tend to rely on intensity homogeneity in each region to be segmented. For example, the classical CV model [6] is based on the assumption that image intensities are statistically homogeneous (roughly a constant) in each region. Therefore, it can not detect the exact crack edges embedded in the surface of PLIF images, since the combustion region of flame surface is intensity inhomogeneous and the gradient in crack region is weak.
We propose the Line Enhance Active Contour (LEAC) model to detect the boundaries of cracks embedded in flame surface accurately. The model first enhances the crack region and the gradient of flame front by the Line Enhance Filtering algorithm, and then extracts flame front boundaries and crake edges from the enhanced PLIF images using the CV model. We compare our model with the CV model. The comparison results show that our model can detect the flame front boundary and crack edge accurately and that it is robust to image noise and the curve initialization.
The rest of this paper is organized as follows. Section II introduces the LEAC model and its advantages in linear target enhancement and flame front detection. Section III discusses the experimental results of the LEAC model and the classical CV model on flame front detection from different PLIF images. The conclusion can be found in Section IV.
II. LINE ENHANCE ACTIVE CONTOUR MODEL
This section describes the LEAC model. Firstly, the Line Enhance filtering process [7] is described, by which the crack region and the gradient of flame front boundary are enhanced. Then the CV model is established to extract the exact flame front boundaries and the crack edges.
A. Line Enhance filtreing
A common approach to analyze the local behavior of an image I, is to consider its Taylor expansion in the neighborhood of a point x(x, y):
where J(x, s) is the Jacobian Matrix， which is the gradient vector for scalar-valued functions, and H(x, s) is the Hessian matrix computed at the point x(x, y) with the scale s: 
where I xx (x(x, y), s) is defined as a convolution with the second derivative of a Gaussian kernel function with respect to x at the scale s. I xy (x(x, y), s) and I yy (x(x, y), s) have the similar definitions.
We assess the local orientation of cracks in PLIF images via eigenvalue analysis of the Hessian matrix. Let λ 1 and λ 2 denote the two eigenvalues of the Hessian matrix H(x, s) corresponding to the normalized eigenvector u1 and u2. The main idea of the Hessian eigenvalue analysis is to extract two orthonormal directions by eigenvalue decomposition, and the principle direction directly gives the direction of smallest curvature (along the crack). The orthonormal directions are invariant up to a scaling factor when mapped by the Hessian matrix. A pixel belongs to the crack region will correspond to a small eigenvalu λ 1 (close to zero) and a large positive eigenvalu λ 2 (because the crack region in PLIF images appears dark). The eigenvectors u1 indicates the direction along the crack (minimum intensity variation).
The Line Enhancement function can be defined as follows: 
where α=β=0.5 are thresholds ,which control the line measure parameters R and S. R=λ 1 /λ 2 is the roundness measurement in 2D images, i.e. R is smaller, if the area is longer and narrower. is large value at the boundaries of flame front and the edges of crack, because these places have high contrast and therefore at least one large enginvalue exits. The product in (3) considers both two measurements, so we can get the flame front boundaries and crack regions by the function F(s), which are large value at the high contrast places. More information refers to Ref [7] . An experiment is done to show the advantages of the Line Enhancement filtering in enhancing the flame front edge and crack region, as shown in Fig. 1 . Fig. 1(b) with one crack region is part of the raw PLIF image in Fig. 1(a) ; Fig.  1(c) is the image corresponding to the calculated linear region, i.e., it shows the value of the Line Enhancement function F(s). We can see that both the gradient of flame front boundary and the crack region are enhanced; Fig. 1(d) shows the line enhanced image; Fig. 1(e) and Fig. 1 (f) respectively show the gradient maps before and after the Line Enhance filtering. 
B. Chan-Vese model
In [6] , Tony Chan and Luminita Vese proposed an active contour model to detect objects in an image, based on the techniques of curve evolution and Mumford-Shah function for image segmentation. The CV model can detect the contours with or without gradient, and it has strong antinoise performance and weak dependence on the initial curve. The CV model has a level set formulation, which increases the dimensionality of the function to a higher one, but has an advantage of handling topological changes of the closed curves. Interior contours can be automatically detected using level set formulation.
Let Ω be a bounded open subset of R 2 and C be an evolving curve denoting the boundary of the open subset ω of Ω (i.e. C=∂ω). Let I: Ω → R be a given image. In the level set method, the curve C is represented implicitly by the zero level set of a Lipschitz function φ : Ω→ℜ (called level set 
where x and y are image coordinates. Assume that the PLIF image I consists of two approximatively constant intensity regions, the flame surface and the background, which are divided by the flame front. The final zero level set {(x, y) | φ(x, y) = 0} is corresponding to the flame front boundary.
The "fitting energy" functional E of the CV model is defined as follows: III. EXPERIMENT RESULTS We test our algorithm on detecting flame front boundaries and crack edges from different PLIF images. Experimental results are compared with the classical CV model [6] . All experiments are done in MATLAB, and the experimental environment is Windows XP, Intel core 2.8 GHz CPU and 1G RAM. Fig. 2 shows the experiment result on a de-noising PLIF image disposed by the non-linear diffusion filtering [8] . The gradients in the top and the bottom of flame front in Fig. 2(a) are very weak. The boundary of flame front in the calculated linear region, especially the crake region, is enhanced, as shown in 2(b). Fig. 2(c) is the line enhanced image, and the red rectangle in Fig. 2(d) shows the initial curve for the curve evolution. The detection results of the LEAC model and the classical CV model are respectively shown in Fig. 2(e) and Fig. 2(f) . Both methods get smooth and continuous boundaries of flame front, but the CV model fails to detect the long and narrow edge of crack region, while our algorithm detects it accurately. 3 shows the experiment result on a raw PLIF image. There is more than one crack in Fig. 3(a) , and the intensity distribution of the flame surface is inhomogeneous: several brighter areas are scattered in image. Fig. 3(b) shows the calculated linear region, and Fig. 3(c) is the line enhanced image. To testify the insensitivity of our method on different initial curves, a red circle initial curve is used in Fig. 3(d) , which is different from that in Fig. 2(d) . Fig. 3(e) and Fig.  3(f) are the detection results of the LEAC model and the classical CV model respectively. The experiment result shows that our model can exactly detect the complete crack edges, and it is insensitive to image noise and the curve initialization.
IV. CONCLUSION
In this paper, we propose the LEAC model for flame front detection from PLIF images. Different from edge detection operator algorithms and popular active contour model, our algorithm utilizes the global image features to drive the initial curve to the flame front boundary. It is robust to image noise and curve initialization. We compared our algorithm with the classical CV model on different PLIF images. The experiment results show that the LEAC model can exactly detect the boundary of flame front, especially edges of long and narrow crack regions where the CV model fails to detect.
